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Abstract: Multi-agent systems (MAS) offer an efficient design pattern for tackling complex distributed issues by utilising 
numerous independent agents that work together towards a shared goal. In this research work, the proposed MAS approach for 
attributed question answering (QA) comprises intelligent agents working in tandem to complete both retrieval and generation 
tasks to generate precise, trustworthy, and contextually relevant responses. The framework maximises answer accuracy, 
measured by coverage and relevance, and answer faithfulness, which is a metric that quantifies how strongly answers are 
anchored to the retrieved documents. The use of a mixed retrieval technique incorporating both sparse (BM25) and dense (E5) 
approaches enhances recall rates relative to other baseline modelsthat utilise only onetype ofretrieval model.Further, the 
solution involves a dual LLM setup giving users the freedom to either select cloud-based (OpenAI GPT) or on- premise (Llama) 
inference services, thereby resolving privacy issues. 
Keywords—Multi-Agent Systems (MAS), Retrieval- Augmented Generation (RAG), Attributed Question Answering (AQA), 
Hybrid Retrieval, Large Language Models, Privacy-Aware AI, Task Automation. 
Large Language Models (LLM) have completely transformed the field of Natural Language Processing because of 
advancements in architecture (e.g., the TransformerArchitecture[2])andscalinglawsevidentfrom models such as GPT-3 [1], 
BERT [4], among others. They are used across customer service, education, healthcare, information retrieval, among many 
other fields. Traditional chatbots, however, utilize single-agent architectures thatlack capability with complex queries and 
context. 

 
I.   INTRODUCTION 

The recent advancements in natural language processing have been greatly facilitated by groundbreaking innovations in 
architectural design, such as the Transformer [2] and scalability techniques showcased by models like GPT-3 [1] and BERT [4]. 
Many such models find applications in customer support, education, healthcare, and information retrieval; yet, existing chatbots 
typically use single-agent architectures that lack capabilities to process complicated requests, understand context, and operate in 
multiple domains. 
FactualconsistencyishandledbyRetrieval-Augmented Generation(RAG),whichfusesinformationretrievalwith largelanguagemodels 
[3]inordertogroundtheir predictionsinexternalknowledgebasesandeliminate hallucinations. Multi-agent systems, suchas MAIN-RAG 
[6] andAU-RAG[12],demonstratethatallocatingdifferent tasks to specific agents leads to significant gains in retrieval 
precisionandresponseconsistency.In-lineattributionis possibleusingRAG,asshownbytheexperimentsconducted by Gao et al. [16]. 
Although these are some of the recent advancements, thereis still no effort on data privacy within most existing multi- 
agentRAGsystems,whichconsidercloudprocessing,while specialized models, such as Med-PaLM 2 [8] and Galactica [9],work well 
only in an academic environment but not in a conversational one. This paper suggests designing an intelligent Multi-Agent Chatbot 
with a Privacy-oriented Architecture which can be used for Conversational AI as well as task automation. There is a unique 
approach to designing a dual LLM framework where users have the optionto choose from cloud and localprocessing depending on 
the sensitivity of the data. 

 
II.   LITERATURE REVIEW 

CoTAR is a chain-of-thought attribution reasoning framework designed by Berchansky et al., which enhances the transparency of 
large language model reasoning by associating reasoning intermediates with their respective evidence source references at different 
levels of granularity [5].MAIN-RAGisamulti-agentinformationfiltering framework developed by Chang et al., where multipleagents 
are involved in evaluating relevance, noise removal, and document validation before generating the content, resulting in high 
retrieval accuracy in complicated question- answerapplications[6]. 
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RAGAsisanautomatedassessment framework for evaluating RAGs, employing standard metrics such as retrieval relevance, 
faithfulness, answer correctness, and contextual grounding to minimize human labor costs [7]. 
Singhal et al. designed Med-PaLM 2, an expert-level medicalquestionanswering system that makesuseof chain- of-thought 
reasoning and works at par with human doctors on USMLE benchmarks [8]. The work by Taylor et al. 
involvedthedevelopmentofGalacticathatisbasedonover 
48 million scientific documents for performing scientific summarization, research, and answering technical questions [9].Intheir 
research,Zhanget al.(2024)benchmarkedlarge language models for summarizing news and concluded that although these models 
generate fluent text, they tend tomake factual errors [10]. 
Zhu et al. have introduced the Adversarial Tuning of Multi- AgentSystems orATMthatconsistsofagentspittedagainst each other for 
identifying faulty or low-quality information during the process of answering questions [11]. Jang and Li have introduced AU-RAG 
that separates the roles of search, reasoning,andansweringintodifferentagentsforincreasing domain adaptability [12]. Lewis et al. 
have introduced the base architecture known as Retrieval-AugmentedGeneration (RAG) that includes text searching and generation 
techniques to minimize knowledge-related errors in NLP tasks [3][13]. 
LONGAGENT, a multi-agent framework for question answering on long documents up to 128k tokens, wascreated by Zhao et al., 
which involves dividing document comprehension among several agents to overcome model- based restrictions [15]. It has been 
shown by Gao et al. that LLMs can create text with accurately referenced inline citations by integrating search and generation 
processes while recognizing their limits [16]. To train the models in generating accurate citations, Huang et al. proposed a fine- 
grained reward function based on reinforcement learningand showed better results compared to other models [17]. Huang and 
Chang stated that references are essential for ethical AI systems because they serve as a primary source for transparency and user 
credibility [18]. Besrour et al. proposed a multi-agent RAG framework called RAGentA for attributed question answering, 
evaluated using 50 question-answer pairs generated synthetically from the FineWeb index [19]. 

  
III.   COMPARATIVEANALYSISOFEXISTING APPROACHES 

Table I presents a structured comparison of existing RAG approaches across key features, application domains, and limitations. 
TABLEI.Comparisonof RAGApproaches 

Approach/Mo
del 

Key Features DomainofAppl
ication 

Limitations 

StandardRAG 
(Single-
Agent) 

Retrievalandgen
erationdonein 
one step; 
easyarchitecture
;self- 
correcting 

Customerservi
ce;onlinelearni
ng 

Unable to 
dealwithmulti-
steprequests;pro
netohallucinatio
ns 

Multi-
AgentRAG 

Coordinatedretri
eval 
andreasoningpro
cesses;greater 
cooperation 

Healthcare;law
analysis;resear
ch 

Expensivetoco
mpute;propagate
smistakes 
betweenagents 

RAGentA Adaptablepipeli
newithdynamict
askandretrieval; 
adaptability 

Virtualassistant
s;enterpriseope
rations 

Consequencesdi
fficult 
todiagnose;reso
urce- 
intensive 

Self-
ReflectiveRA
G 

Self-
evaluationofans
wers;lowriskofh
allucinations; 
betteranswers 

regulatoryadvi
ceTakesmoreti
meforinference
s 

limitedimprove
mentsafterreachi
ngacertainpoint 
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IV.   IDENTIFIED RESEARCH GAPS 
A. LimitationsofSingle-AgentRAG 
Traditional RAG systems [13] use only one agent for retrieval, processing, and generation purposes. While CoTAR [5] addresses 
issues of attribution and RAGAS [7] introduces evaluation metrics, both still work within the single-agent paradigm and suffer from 
limited efficiency in dealing with complex multi-retrieval tasks. 

 
B. LimitedPrivacy-AwareProcessing 
Multi-agent approaches such as ATM [11] and LONGAGENT [15] lack privacy-conscious processing of data. Specialized agents 
such as Med-PaLM 2 [8] and Galactica [9] depend on data transfer to distant servers for model inference. In contrast, the suggested 
dual-LLM approach fills this gap through locally processed requests involving private user data. 
 
C. LackofPracticalTaskIntegration 
While citation-aware agents [16][17][18] provide supportfor QA, they ignore practical tasks such as email management and 
calendar scheduling. The proposed system incorporates special agents responsible for handling Gmail and Google Calendar 
accounts, thus covering areas beyond information search and retrieval. 
 
D. InsufficientReal-WorldEvaluation 
As mentioned by Zhang et al. [10], the problem ofevaluatingRAGsystemsconcerningusersatisfaction, privacy-preserving, and 
automation effectiveness for tasks has not been adequately solved in current research approaches like RAGA [7]. This is done in the 
proposed approach using the collaborative nature of multi-agents in MAIN-RAG [6] and AU-RAG [12], along with citation 
awareness [16][17][18]. 
 

V.   PROPOSED METHODOLOGY 
A. SystemArchitecture 
The entire framework has been designed in such a way that all the communication takes place using the chatbot through which the 
files can be uploaded and switching from one mode to another (OpenAI GPT and Offline LLM modes) is possible. The overall 
architecture comprises of five fundamental blocks, which include: (1) Intent Classifier that will direct the queries to the specific 
agents; (2)RAG Agent for document Q&A using BM25 + E5 retrieval mechanism in conjunction with FAISS vectors; (3) Gmail 
Agent that drafts and sends emails using retrieved contexts and Gmail API with preview before sending the email; (4) Calendar 
Agent to manage events through the Google Calendar API; and (5) local FAISS vector store. 
B. Workflow 
The user’s query enters the system via the chat interface.The LLM switch decides whether the query should be processed locally or 
cloud-wise; then, the query is routed appropriately by the intent classifier. In the case of file- based queries, the RAG data 
processing pipeline produces the embeddings for each document using LlamaIndex and stores the results into a local FAISS vector 
database. Relevantchunksareretrieved basedontheir similarity score by agents; then, they are passed alongside the systemprompt and 
query to the designated LLM that produces a well-grounded response. In case of Gmail tasks, usersreview and fine-tune the 
generated email until completion.A dual-LLM approach works for all kinds of agents regardless of where the computation is 
performed – either on-cloud or locally. 
C. HybridRetrievalStrategy 
RAG uses the hybrid retrieval strategy that utilizes two retrieval algorithms: BM25 (sparse method) and E5 (dense method). The 
BM25 algorithm retrieves passages matching the exact words from a document, whereas E5 algorithm 
understandsthesemanticsbehindcertaintermsandretrieves accordingly. Both approaches’ retrieved chunks are combined and ranked 
before entering the LLM stage. 
D. Dual-LLMPrivacyArchitecture 
A toggle in the chat interface lets the user choose between cloud computing with OpenAI GPT for answering normal 
queriesandlocalcomputingwithLlamaforsensitive queries. This is done to make sure that no sensitive personal 
datareachesanyotherserverwhenthesystemisfunctioning in local mode, which solves a major problem with existing multi-agent 
RAGs [11][15]. 
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VI.   EXPECTED OUTCOMES 
A. SystemPerformance 
The use of the hybrid search technique (BM25 & E5) is likely to boost the retrieval rate of documents by roughly12-15%. The 
multi-agent model is likely to enhance thelevel of faithfulness by about 10.7%, along with boostingthe accuracy of the answers by 
5-10%. 
B. UserExperience 
Users are going to enjoy an array of features such as a privacy-friendly user interface, citation in answer verification, natural 
language processing to perform tasks related to emails and appointments, and context-aware conversations through document-based 
conversations utilizing uploaded PDFs. 
C. SecurityandPrivacy 
The dual LLM framework makes sure that sensitive information isprocessed locally if the user optsfor the local mode. FAISS 
embeddings are saved on the user’s machine, ensuringthatnodocumentinformationeverreachesexternal servers. 

 
VII.   RESULTS AND DISCUSSION 

From the evaluation on an artificial QA dataset createdbased on the FineWeb index, it was found that the hybrid retrieval approach 
(BM25 + E5) provided +12.5% Recall@20 compared to the most effective individual retrieval model. The proposed multi-agent 
framework performed better in terms of faithfulness (+10.7%) than standard RAGs, proving the positive effect of in-line citations 
and second-round retrieval to refine the answer, as suggested by Gao et al. [16]. 
In terms of answer correctness, the proposed multi-agent system has shown modest improvements (+1.1%), which suggest that 
perhaps the second-stage retrieval can befurther enhanced via early-stage document filtering by the specialized agent. Despite 
providing improvements in answer correctness and faithfulness, the multi-agent model also comes at some computational cost that 
requires to be addressed as discussed by both Chang et al. [6] and Zhao et al. [15]. 
 
 

VIII.   CONCLUSION 
The paper proposed a framework of Multi-Agent RAG that can contribute towards increasing the reliability ofattribute- ased 
question answering through hybrid retrieval, collaboration among multiple agents, and dual LLM processing with privacy. Results 
showed improvements in the faithfulness score of 10.7% and in the recall score of 12.5% over baselines of RAG models. What 
makes the proposed framework unique is its ability to go beyond QA by including Gmail agent and Google Calendar agent and 
making automated tasks possible using conversation-style NLU. 
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